ROI of marketing and research: 4

The ROI models we have talked about
so far (subjective and decision
models) do not need to be based on
actual data. Rather, they can be built
on pure assumptions. Data models, on
the other hand, incorporate at least
some actual data in arriving at ROl. In
these models the future ROl is mainly
derived from past data. Because we
assume that patterns held true
historically will also apply to the future,
these models are also known as
assumptive linkage models. In their
simplest form, these models apply
normative patterns found in the
accumulated data to the current
situation. In their more complex form,
they include marketing mix and
optimization models.

NORMATIVE MODELS

Normative models use past patterns
(such as historical averages) as bench-
marks to evaluate current situations. To
be realistic, normative models can be
used only if data had been collected in a
consistent manner either by using simi-
lar questions or using similar methods.
Thus, if we collect customer satisfaction
measures on a standardized question-
naire, the past data become a bench-
mark against which new measurements
can be evaluated. If we can link past cus-
tomer satisfaction measures to some fi-
nancial metric, then we can estimate
how customer satisfaction measures re-
late to financial measures, to establish
the ROI. As an example, the research
firm Millward Brown* routinely pretests
TV advertisements before they are aired
and calculates a score known as Al,
which is an advertising tracking measure
that can be related to the ad’s success.
The pretests provide an opportunity for
the ad agency to rework the ad and im-
prove the future Al score, if the ad is
found to have a low Al potential.

It is not unusual for a revised ad to
improve Al by two points, especially for
ads that are judged to be ineffective in
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the pretest. But this involves reworking
the ad and additional costs. Let us as-
sume that the cost of pre-testing the ad is
$30,000 and the cost of discussions with
the agency adds another $10,000 to the
cost. There is also the cost of reworking
the ad. Let us assume that this adds an-
other $30,000 to the cost. Obviously,
the total cost of research (including the
discussions and rework suggested by re-
search) is $70,000. The question is
whether the cost is justified, whether the
revised ad increased the ROI by more
than $70,000.

Cost of research (ad testing)  $30,000
Discussion of implications, $10,000
strategy

Cost of rework $30,000
Total cost $70,000

To calculate this, we need to know
what impact a two-point increase in Al
has on sales. Millward Brown has tested
over 35,000 ads and has tracked hun-
dreds of brands over the past 30 years
and has developed a relationship be-
tween sales and Al. The relationship
shows that the Al index and the subse-
quent sales index correlate strongly
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(r=+0.85), as shown in Exhibit 1. The
exhibit shows the relationship between
the Al index change and sales effect in-
dex change.

The exhibit shows that, for estab-
lished brands, when the Al metric as in-
dex is correlated with the sales effect
index, the correlation in a high 0.85. In
other words there is a strong predictable
relationship between ROI (as measured
by sales) and the Al measure. The r2 is
0.72 (72% of the variation in sales can
be attributed to the changes in the Al
measure.) It is likely that this relation-
ship will not hold for new brands. Most
likely they will need different norms.

On the basis of this normative rela-
tionship, the firm can estimate that for
a product of the type being tested, a
two-point increase in Al will result in a
potential sales increase of $750,000. In
our example, to increase the potential
Al, the ad has to be reworked and this
involves an investment of $70,000. De-
ducting these costs from $750,000 we
have a return of $680,000 (net of re-
search and reworking costs) on an in-
vestment of $70,000. The ROI on
research then is 680,000/100,000 =
680%2

The above idea is illustrated in Ex-

January 2007



EXHIBIT 1. EFFECT OF Al ON SALES
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hibit 2. (The spreadsheet developed by
Bill Ratcliffe, formerly of Millward
Brown, who kindly agreed to let me use
it.) The first column of the exhibit
shows the ad that is put out without re-
search with the resultant sales. The sec-
ond column shows the results that
include a Link test (a test used by Mill-
ward Brown to evaluate ads) while the
third column shows the results which
include the use of two research tools
used by Millward Brown: Ad Selector
and Link. The second column shows the
same ad that was tested and improved.
The spreadsheet is a simple simula-
tion tool. The input numbers can be
based on past data or assumptions. It
allows us to understand the impact of al-
ternative scenarios. What if the re-
worked ad improves Al by only one
point instead of two? What if the cost
of reworking is $80,000 and not
$70,000? What if the projected increase
in sales for this category is not
$750,000, but only $700,000? In all
such cases, the appropriate numbers can
be input in relevant sales and ROI cal-
culated. Thus a spreadsheet, used with
normative data, is a flexible tool capa-
ble of accommodating additional as-
sumptions and restrictions, if necessary.
We need to keep in mind that the ex-
pected ROI is based on a normative
model and is subject to statistical and
other errors. However, to the extent the

model is robust, we should be able to es-
timate the ROI close enough to under-
stand whether the research investment is
likely to be worthwhile or not and what
the likely ROI is on our research invest-
ment. As with decision models, norma-
tive models cannot guarantee success in
every single case. However, robust rela-
tionships found in the past tend to in-
crease the chances of success and
decrease the chances of failure in the fu-
ture.

Many large research firms such as
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Millward Brown and Ipsos-ASI that use
specific models repeatedly to collect data
tend to accumulate normative data.
These normative data can be used to as-
sess the ROI. Normative data, if based
on a large number of cases, can be a
valuable source for estimating ROI.

MARKETING SIMULATION MODELS
Another optimization technique that as-
sists in calculating RO is the use of sim-
ulation models. These models, as their
name implies, simulate marketing
processes. Sophisticated simulation
models incorporate both the qualitative
and the quantitative aspects of the mar-
keting process.
1. What channels, products, offers, etc.
are in use or under consideration?
2. What structures are available for in-
tegrating these elements into a cohesive
marketing process?
3. How customers and prospects re-
spond to marketing activities at each
stage of the marketing process?
Simulation tools themselves are often
coupled with a discovery process to un-
cover the structure of the marketing
process and with a quantitative analysis
process that provides quantitative inputs.
Simulation tools can be used to ad-
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dress very specialized tactical questions.
They can also be advantageous in ad-
dressing high-level strategic issues.
Specifically, simulations can be used to
account for the structure of the market-
ing process and address questions that
are outside the patterns that held true in
the past: they can be used to address the
effect of something new, something that
is very different from what has been
done in the past.

Simulations are able to go beyond ob-
served patterns of the past for two rea-
sons. First, by modeling what has worked
in the past they are able to include sub-
stantial information about structure —
why things did or did not work. The de-
tails can serve as inputs to new situations.
Second, we can incorporate hypotheses
about new or untried marketing pro-
grams by including a variety of inputs
such as survey data, expert opinions and
industry experiences. We can thus inte-
grate new hypotheses into the model of
the overall marketing process.

MATHEMATICAL PROGRAMMING
MODELS

In recent years, powerful database and
statistical analysis techniques have be-
come available to support Customer Re-
lationship Management (CRM). As a
result, the depth and complexity of in-
puts relating to target marketing pro-
grams have increased considerably. For
example, consider the question of how
likely a consumer is to buy your prod-
uct. In the database, information relat-
ing to probability of purchase may be
available by offer, profitability, costs,
marketing budget, restrictions on cus-
tomer contact and so on. Such informa-
tion can point to the opportunities and
constraints that define many marketing
programs. A marketer needs to maxi-
mize ROI given these opportunities
within several constraints. Mathematical
programming techniques provide a way
to optimize the ROI through targeting
the offers that maximize the return,
while taking into account the constraints
associated with each course of action.

Mathematical programming models
tend to be larger in scope than norma-
tive models but less elaborate than mar-
keting simulation models. In one sense
we can consider the mathematical pro-
gramming model as a junior cousin of
the marketing simulation model.

COMPARING NORMATIVE AND
SIMULATION MODELS

How do these two models compare?
In terms of results they are hard to com-
pare, because there is no systematic data
that compares the results obtained by
these two types of models. However, it is
not difficult to compare what these two
models do and what they hope to
achieve.

Normative models are generally nar-
row in scope. Usually norms are devel-
oped on a few metrics of interest. These
metrics are chosen with the expectation
that they would lead to marketing suc-
cess in some areas and thus to an in-
creasing ROI. The advantages are that
the metrics can be clearly focused and a
considerable amount of data can be col-
lected in a not-too-long time frame.

Marketing simulation models, on the
other hand, tend to be more elaborate. A
well constructed simulation model tends
to be holistic and does not assume that
changes to one aspect of the system will
have no effect on the other parts of the
marketing system. They enable us to ma-
nipulate more than one variable at the
same time and study the effects. On the
not-so-positive side, these models are
more difficult to evaluate precisely be-
cause of too many “moving parts.” Be-
cause they tend to combine past data
(like normative models do) and assump-
tions of how things are likely to work
(like decision models do), simulation
models tend to be hybrid models in
terms of the inputs that go into these
models.

Where one would use a normative
model in preference to a simulation
model (or the other way around) would
depend on the context. If our aim is to
understand a specific decision on mar-

keting and if there is a metric with nor-
mative data available for comparison,
then it is appropriate to use a normative
model. However, if we want to assess the
totality of our marketing efforts (or even
a significant part of our marketing ef-
forts), single and specific metrics are un-
likely to lead to satisfactory estimates or
ROI.

While it is true that some prominent
figures such as Fred Reichheld (The Ul-
timate Question: Driving Good Profits
and True Growth, Harvard Business
School Press, 2006) assert that if you ask
a single “ultimate” question such as
“Would you recommend this business
to a friend?” along with some scoring
system, you would have enough infor-
mation to grow your business, and
hence your ROI. Despite claims to the
contrary, there is precious little evidence
that simplistic schema can transform
any organization to an ROI machine.

The most visible of all data models are
a class known as marketing mix models.
Because of their popularity and com-
plexity we will examine them in greater
detail in the next article in this series.
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! Although the procedures described here are essentially true,
the example should be treated as strictly hypothetical, de-
signed for illustrative purposes. The calculations involved in
actual situations are somewhat more complex, specialized
and subject to additional assumptions. I've used Millward
Brown models to illustrate normative models because of my
familiarity with the organization, having worked there for a
few years. Normative models are used by many other research
houses and | would assume that their experience is compa-
rable to what is presented here.

2 Again, we may want to deduct the cost of goods sold from
the return to arrive at the "true” ROI. But these are essen-
tially details of calculations that can easily be built into the
spreadsheet.
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